Null model analysis of species co-occurrence patterns has long been used to gain insight into community assembly but is often limited to identifying non-random patterns without providing clarity about underlying ecological mechanisms. This challenge is especially apparent when sampling units are spread across a heterogeneous landscape or along an environmental gradient because multiple mechanisms can produce similar co-occurrence patterns. We developed a trait-based approach for discriminating between environmental filtering and biotic interactions as the probable driver of cooccurrence patterns across environmentally heterogeneous sites. We demonstrate our framework by analyzing the co-occurrence of small mammals over elevation in three independent mountain ranges in the Great Basin of the western United States. Our sampling design accounts for landscape scale environmental variability and within-site habitat heterogeneity. We identified 52 non-random species pairs, of which 36 were aggregated and 16 were segregated. For each pair, we determined which mechanism was the likely ecological explanation using a hypothesis-testing framework based on functional trait similarity. Expectations of biotic interactions were based on similarity of diet and body size whereas habitat affinity and geographic range were used for environmental filtering. Only four pairs were consistent with expectations under biotic interactions, including pairs for which competitive exclusion has previously been documented. In addition to analyzing individual pairs, we used binomial tests of observed versus expected totals of intra-and inter-guild pairs to determine assemblage-wide deviations from random community structure. Signatures of environmental filtering were consistent across mountain ranges and scales. Despite differences in species composition and significant pairs among data sets, our approach revealed consistent mechanistic conclusions, emphasizing the value of trait-based methods to co-occurrence and community assembly.
Introduction
One of the central pursuits of ecology is to understand the factors that affect community assembly. Ecologists have long recognized the influence of deterministic processes, such as environmental filtering (Grinnell 1917 , Whittaker 1967 and biotic interactions (Elton 1927 , MacArthur and Levins 1967 , Diamond 1975 , as well as stochastic demographic and dispersal processes Wilson 1967, Hubbell 2001 ) in contributing to species co-occurrence and community structure. However, it remains difficult to determine the relative roles mechanisms play because they may act concurrently rather than exclusively, may be scale dependent, and may fluctuate in dominance over time (Walther 2010 , Boulangeat et al. 2012 , Wisz et al. 2013 , Araújo and Rozenfeld 2014 . Despite this challenge, identifying the drivers of species co-occurrence is key to understanding community assembly processes and the potential effects of environmental change (Alexander et al. 2015 , Lindenmayer et al. 2015 .
Null model analysis of species co-occurrence is among the most commonly used approaches for identifying patterns of non-random community structure (Connor and Simberloff 1979 , Brown et al. 2002 , Gotelli and McCabe 2002 . Null models allow for the detection of non-random species associations from observational presence-absence matrices (Gotelli and Ulrich 2012) . Non-random associations can be positive (species tend to co-occur at sites; aggregated) or negative (species rarely or never co-occur at sites; segregated) and are inferred to result from an ecological process, most often biotic interactions or environmental filtering. When analyzing patterns from sites that are implicitly similar and internally homogeneous in their environmental characteristics, any deviations are inferred to result from biotic interactions (Diamond 1975) . It is more difficult to discern the underlying mechanism when sites are heterogeneous (among and/or within sites) because biotic interactions and environmental filtering can produce similar patterns (López et al. 2013 , Fowler et al. 2014 . For example, species could be segregated either due to competitive exclusion or because they inhabit different sites according to individual environmental preferences.
Several null model approaches have been proposed to discriminate among multiple possible mechanisms of cooccurrence, including the use of constrained models to account for distributional or environmental differences (Peres-Neto et al. 2001 , Sanderson 2004 , Ovaskainen et al. 2010 , and post hoc analyses incorporating the characteristics of sites (Sfenthourakis et al. 2006 , Blois et al. 2014 or species (Sfenthourakis et al. 2006 , Collins et al. 2011 , Smith et al. 2016 . Logical hypothesistesting frameworks using site or species information are especially promising for distinguishing among causal mechanisms of co-occurrence (Sfenthourakis et al. 2006 , Blois et al. 2014 , D'Amen et al. 2017 , but a repeatable and generalizable framework based on species traits has yet to be developed (but see Smith et al. 2016) . Drivers of co-occurrence have been inferred using phylogenetic similarity, a proxy for ecological similarity based on the principle of niche conservatism (Sfenthourakis et al. 2006 , Collins et al. 2011 ; however, trait-based approaches may be better suited for disentangling drivers because they more directly relate to mechanisms and facilitate more general hypotheses by isolating traits that relate to multiple mechanisms (Fox 1999 , Spasojevic and Suding 2012 , Mouchet et al. 2013 , Ovaskainen et al. 2017 . Recent advances in pairwise cooccurrence analysis also afford more detailed insights by allowing one to determine drivers for individual species pairs, even for patterns that may differ from the assemblage as a whole (Gotelli and Ulrich 2010 , Ulrich and Gotelli 2013 , Veech 2014 .
Our objective was to develop a trait-based framework that offers a general and versatile approach for inferring mechanisms from pairwise co-occurrence patterns of species across heterogeneous sites. Here we describe a novel hypothesis-testing framework that utilizes hierarchical spatial sampling and functional trait similarity to discriminate between the two most commonly invoked causes of nonrandom co-occurrence patterns: environmental filtering and biotic interactions. We demonstrate this framework using occurrence data and functional guild classifications of small mammals from mountain ranges in the Great Basin, USA. The basin and range topography of the region provides an opportunity to investigate drivers across broad environmental gradients that contain a high degree of local habitat heterogeneity (Brown 1971a , Rickart 2001 , Rowe et al. 2010 . Small mammals (rodents and shrews < 500 g) are an excellent group for studying community assembly because they are taxonomically and functionally diverse, and sensitive to climate and habitat conditions (Hadly 1996 , Moritz et al. 2008 , Rowe et al. 2011 . Decades of pioneering work on small mammals have demonstrated the role of competitive interactions (Brown 1971b , Bowers and Brown 1982 , Fox and Kirkland 1992 , Fox and Brown 1993 , Dayan and Simberloff 1994 , habitat heterogeneity (Rosenzweig and Winakur 1969, Stevens et al. 2012) , stochastic processes (Brown 1971a , Lawlor 1998 , and various combinations of these factors (Ernest et al. 2008) in structuring co-occurrence and community composition. Testing our framework in a well-studied system provides an excellent backdrop for generating trait-based hypotheses and for validating our findings.
Material and methods

Analytical framework
Our framework applies trait-based hypotheses to identify the ecological processes underlying non-random co-occurrence patterns among species pairs (Fig. 1) . We achieve resolution through 1) hierarchical sampling and 2) functional trait similarity. In our example, co-occurrence patterns are identified at two hierarchical spatial scales -landscape and local. We define landscape scale as the set of sites surveyed across the elevational gradient of a single mountain range. We define local scale as the set of microhabitats sampled at a site. At each scale, a species pair may exhibit a random association or a non-random association (segregated or aggregated). A multi-scale approach may reveal non-random patterns that would otherwise be missed if analyzed at only a single scale. For example, species that are aggregated at the landscape scale (found at the same sites along the gradient) may overlap in their abiotic requirements but segregate locally (found in different habitats within each site) due to competitive interactions. Figure 1 depicts the three association types that yield nine possible combinations across the two spatial scales. The mechanism(s) that are strong enough to create a non-random pattern are then identified using tests of functional trait similarity. Of the nine combinations, eight are biologically meaningful while one, a pair that is segregated across the landscape yet aggregated locally (scenario 9 in Fig. 1 ), is not possible in a nested sampling design. If the conditions of a given traitbased test are met, the resulting mechanism is considered the parsimonious explanation for the observed co-occurrence pattern. The inference of a mechanism may require comparing similarity for one or both relevant trait types ('EF' or 'BI' traits in Fig. 1 ). In some cases, tests involving one trait type inform both mechanisms and the conditions represent mutually exclusive couplets (scenario 3 and 6). Other cases involve separate tests of each trait type to support one mechanism over the other (scenario 2, 7, and 8). However, if the conditions of both tests are met, the simultaneous action of both mechanisms is implied.
For two of the eight possible pattern combinations (scenarios 1 and 4 in Fig. 1) , there is no ambiguity in mechanism. For the other six, we determined whether environmental filtering or biotic interaction explain the observed patterns. Additional information may help to verify conclusions in these cases, such as whether the requirement of sympatry is met for biotic interactions. Lastly, in one case (scenario 5) similarity in both trait types is required to support a conclusion of biotic interaction to the exclusion of environmental filtering.
Although previous frameworks have also addressed dispersal limitation as a mechanism (Blois et al. 2014 ), we do not include it here because we assess co-occurrence at the landscape (along elevational gradients of each mountain independently) rather than the regional scale (e.g. among multiple mountain ranges). Regional scale questions would require a consideration of dispersal limitation, but within a mountain these species are not restricted by spatial distance because sites at the bottom and top of the mountain are no more than a few kilometers apart. Analytical framework for incorporating functional trait similarity to identify the mechanisms structuring pairwise co-occurrence patterns. The logic tree summarizes the nine possible combinations of co-occurrence patterns at two sampling scales (landscape and local) and the tests of trait similarity used to determine the particular mechanism(s) responsible for generating them. A segregated pattern indicates two species that occur less often than random, and an aggregated pattern reflects species that co-occur more often than random. We propose trait-based hypothesis tests for distinguishing between environmental filtering (EF) and biotic interactions (BI), whether negative (competition) or positive (facilitation). The appropriate functional traits for testing each mechanism ('EF' and 'BI' traits) will vary based on the taxa studied. For small mammals, we selected habitat affinity and geographic affinity as 'EF traits' and diet and body size categories as 'BI traits'. Checked boxes under a trait type indicate its application to a particular hypothesis test, and a condition that must be met for the subsequent mechanism to be invoked. If the conditions of both tests for a given pattern are met and are not mutually exclusive, both mechanisms are implied to be important.
The choice of functional traits is crucial to drawing ecologically meaningful conclusions, especially when working at multiple spatial scales (Winemiller et al. 2015 , Rosado et al. 2016 ). Several independent traits should be selected that are most appropriate for detecting environmental filtering ('EF traits') and biotic interactions ('BI traits') because different processes are often mediated through different traits, and more than one process may be acting simultaneously (Spasojevic and Suding 2012, Trisos et al. 2014) . Furthermore, tests of one type of trait may be informative for discerning among both mechanisms (e.g. scenario 3 in Fig. 1) . Appropriate traits to test for environmental filtering often include those relating to climate or habitat requirements. Similarly, tests of biotic interaction should directly relate to resource acquisition and the ability of a pair to coexist, for example, based on their dietary preference or body size.
Study system
The Great Basin of the western United States is characterized by a distinctive physiography containing numerous isolated mountain ranges (Grayson 2011) . The cold desert ecosystem falls in the rain shadow of the Sierra Nevada and is generally arid. However, the basin and range topography creates strong temperature and moisture gradients which structure discrete vegetation zones, from desert shrublands in the valleys to alpine tundra on the highest peaks. Within these major zones, local moisture variation and edaphic factors create a mosaic of discrete, adjacent habitat types (Hall 1946 , Trimble 1999 . The diverse climate and habitat conditions of Great Basin mountain ranges harbor high small mammal species richness, including ecological specialists and generalists (Hall 1946 , Badgley et al. 2014 , Rowe and Terry 2014 . For example, while some species are widespread and occur at nearly any elevation, others are restricted to particular zones, such as montane habitats or desert lowlands (Rickart 2001 , Rowe et al. 2010 .
Small mammal field surveys
Occurrence data for small mammals were generated from comprehensive field surveys conducted during the summer months (May-September) in three independent Great Basin mountain ranges: the Ruby Mountains ), Toiyabe Range (2009 ), and Snake Range (2015 (Fig. 2) . These mountain ranges share a common biogeographic history and are all large -exceeding 3450 m in elevation and thus containing the full complement of the region's habitat types along the elevation gradient (Mensing et al. 2013 . The respective assemblages also share 52-69% of small mammal species captured during our surveys, with 15 of 34 species observed in all three mountain ranges (Supplementary material Appendix 1 Table A1 ).
Survey sites (n > 20) were distributed along the elevational extent of each mountain range. At each site, independent traplines were set within discrete habitats, encompassing the full range of local moisture availability and vegetative communities (e.g. open shrubland, woodland, meadow, riparian). The number of traplines per site (2-6) varied with the number of habitats present. All sampling was removal sampling and followed protocols detailed in Rowe et al. (2010) , with sites trapped for a minimum of 480 trapnights (one trap, set for a 24-h period) over at least three consecutive nights. Sherman box traps and snap traps (Museum Special and Victor rat traps) were baited with birdseed or peanut butter and rolled oats, and checked twice daily. Trapping was intended to sample terrestrial, non-volant mammals less than ~500 g, and as such, species not reliably captured with these methods (e.g. lagomorphs, carnivores, gophers) were excluded from analyses.
In the Snake Range, a total of 16 127 trapnights at 26 sites spanning 1823 m (1574-3397 m) in elevation yielded 1805 individual captures of 24 rodent and shrew species. This effort and trap success is comparable to that in the Ruby Mountains (16 170 trapnights at 22 sites along a 1424 m gradient yielded 1518 captures of 23 species) and Toiyabe Range (15 080 trapnights at 24 sites along a 1055 m gradient yielded 3198 captures of 33 species) (Rowe and Terry 2014) .
Specimens and field notes are archived at the Natural History Museum of Utah (Univ. of Utah), the Monte L. Bean Life Science Museum (Brigham Young Univ.), and the Museum of Vertebrate Zoology (Univ. of California, Berkeley). 
Co-occurrence patterns
Survey data were summarized into six presence-absence matrices: one at the landscape scale (species occupancy at sites) and one at the local scale (species occupancy in traplines placed in discrete habitats within each site) for each of the three mountain ranges. Species occurring at < 5% of sites were considered rare and excluded from analyses (Peres-Neto 2004) . This resulted in the removal of species found at only one site in a given mountain range (n = 3-4 per data set). The resulting matrix dimensions were 15 species × 22 sites and 15 species × 62 traplines in the Ruby Mountains; 27 species × 24 sites and 27 species × 78 traplines in the Toiyabe Range; and 20 species × 26 sites and 20 species × 89 traplines in the Snake Range.
We tested for non-random pairwise species associations with the FORTRAN program Pairs (Ulrich 2008) . Pairs calculates a C-score for all possible species pairs in a matrix, and compares the scores to a null distribution generated by randomizing the matrix. C-scores indicate the nature of a species association (aggregated or segregated) and when standardized, a measure of association strength (Stone and Roberts 1990) . To facilitate comparison across matrices, Pairs generates a standardized Z-score for each species pair. Due to the method of calculation, significant aggregations correspond to negative Z-scores and segregations have positive Z-scores. Pairs uses an empirical Bayesian approach to help control type I error when determining the significance of individual species pairs, which is necessary due to the large number of non-independent pairwise comparisons (for details see Ulrich 2010, Blois et al. 2014) . We report significant pairs according to the Bayes Mean criterion. We randomized matrices 10 000 times using the fixed row and column, sequential-swap algorithm (Ulrich 2008) . Fixed-fixed algorithms are preferable when sampling units are not perfect replicates and species richness is variable among units, as is expected when sampling along gradients (Gotelli 2000) . We ran Pairs three times for each matrix to verify reproducibility of results, which can contain minor variations, particularly for large, sparse matrices (von Gagern et al. 2015) . Our matrices range in fill from 28-45% for sites and 16-27% for traplines. Only seven pairs from the Toiyabe Range (the largest assemblage) were inconsistently identified as significant by the Bayes mean criterion (five from the sites matrix, two from the trapline matrix). We excluded these from analyses so that any conclusions were drawn only for the most certain associations.
In addition to pairwise analyses, we assessed wholematrix structure based on the average C-score of all species pairs, using the R package 'EcoSimR' (Gotelli et al. 2015) . Significant aggregated and segregated structure was determined by comparing the empirical C-score of each matrix to the 95% confidence interval of simulated scores generated using the fixed-fixed null model randomization algorithm. Random species × site matrices were simulated 1000 times with a burn-in of 500 iterations. To ensure stationarity for the larger species × trapline matrices, simulations were run for 10 000 iterations, with a burn-in of 5000. We report standardized effect sizes (SES) that allow comparison among matrices of different dimensions (Gotelli et al. 2015) . Positive SES values indicate segregated matrix structure, whereas negative values indicate an overall aggregated pattern.
Functional traits
We categorized species into guilds for four functional traits (Supplementary material Appendix 1 Table A1 ); two that reflect likely biotic interactions in the form of competition among small mammals (diet guild and body size class; Bowers and Brown 1982 , Fox and Kirkland 1992 , Fox and Brown 1993 , and two associated with environmental filtering (habitat affinity and geographic affinity ; Brown 1971a , b, Terry et al. 2011 . In doing so, we build on a legacy of community assembly research on small mammals based on simple yet informative guilds (Fox 1999 , Brown et al. 2002 . For diet guilds, each species was categorized as an omnivore, herbivore, granivore, or insectivore (Rowe and Terry 2014) . Body sizes were obtained from the PanTHERIA database (Jones et al. 2009 ) and then binned into four groups that reflect natural breaks (<12 g, 12-30 g, 31-100 g, >100 g). For habitat we used three guilds (xeric, mesic, or generalist) that reflect species' overall affinities for local conditions based on moisture as well as associated differences in cover and temperature (Rowe and Terry 2014) . For example, xeric indicates drier habitats which often contain more sparse vegetation and can occur at higher elevations along exposed cliff faces and warmer south-facing slopes. Geographic affinity, or the placement of the majority of a species' distribution relative to the study sites, reflects broad-scale climate tolerance and was categorized as North, South, or no affinity. We used the combined median latitude of all sites surveyed (39.5°) as the benchmark for calculations and followed the methods in Terry et al. (2011) . Latitudinal range limits were obtained from PanTHERIA (Jones et al. 2009 ) except for three species for which occurrence records from VertNet (< www.vertnet.org >) were used to incorporate substantial updates in taxonomy (Perognathus mollipilosus; Riddle et al. 2014) or distribution (Sorex tenellus and S. preblei; Rickart et al. 2004 , Shohfi et al. 2006 . Functional trait designations were used to assess the causal mechanisms associated with pairwise associations (Fig. 1) and for the assemblage more generally (Table 1) . For the latter, we pooled the significant pairwise results per mountain range and used an exact binomial test to compare the observed number of intra-guild and inter-guild pairs for each trait to the expected number given the distribution of species among guilds. Binomial tests were conducted separately for each sampling scale and association type (aggregation or segregation). When a significant departure from expectation (p < 0.05) arises between intra-or inter-guild pairs for a particular trait, the assembly mechanism can be inferred (Table 1) . Results were compared among mountain ranges to assess the generality of patterns and underlying processes across the Great Basin.
Data deposition
Data available from the Dryad Digital Repository: < http:// dx.doi.org/10.5061/dryad.b1c58f8 > (Kohli et al. 2018) .
Results
Co-occurrence patterns
From across all six matrices, a total of 71 significant (nonrandom) pairs were detected out of the 1292 analyzed ( Table 2 ). The Toiyabe Range contained the greatest number of significant pairs (36), followed by the Snake Range (24), and the Ruby Mountains (11). Of these 71 species pairs, 19 (11 pairs in the Toiyabe Range, 7 in the Snake Range, 1 in the Ruby Mountains) were significant at both the local and landscape scale, and are thus represented twice (for a total of 38 pairs) in the data set, with the remaining 33 pairs significant at only one scale (Fig. 3 and Supplementary material Appendix 1 Fig. A1 , Table A2 ). Therefore, there are 52 unique species pairs that exhibited some combination of non-random associations. For species pairs significant at both scales, the nature of the association was the same at the local and landscape scale: either dual aggregated or dual segregated patterns (Fig. 3) . Only three pairs repeated non-random associations in more than one mountain range (Supplementary  material Appendix 1 Table A2 ). Two pairs presented the same pattern in the Snake and Toiyabe Ranges: Ammospermophilus leucurus and Dipodomys microps (local aggregation), and D. microps and Microtus longicaudus (landscape segregation). A third pair, Microtus montanus and Sorex vagrans, was locally aggregated in all three study locations.
In all test data sets, more non-random pairs were identified at the local scale than the landscape scale, but segregations and aggregations were each detected at both ( Table 2 ). The frequency of random association among species pairs was also similar at the landscape (94-98%) and local scale (91-95%). Aggregations were consistently more numerous than segregations, accounting for 50-79% of significant associations. This pairwise summary contrasts with the matrix-wide results, all of which indicated an overall segregated assemblage structure (observed matrix C-scores > 95% confidence interval).
The strength of association (Z-score) varied with the scale of analysis and association type but local aggregations exhibited the greatest average strength of any combination (Fig. 3 , Supplementary material Appendix 1 Table A2 ). At the landscape scale, aggregations (mean -2.61) were generally weaker than segregations (mean 3.26). Conversely, local aggregations (mean -3.78) were stronger on average than segregations (mean 2.93). Pairs that were significant at both scales tended to have the strongest associations, but not exclusively.
Trait-based tests of mechanisms
Tests of functional trait similarity identified environmental filtering as the mechanism responsible for all but four of the 52 unique significant pairs (Fig. 3) . Most aggregations (32 of 36) occurred between species from the same habitat affinity guild (intra-habitat) and nearly all segregations (15 of 16) were between species from different habitat affinity guilds Table 2 . Summary of co-occurrence patterns for small mammal assemblages in the Ruby Mountains, Toiyabe Range, and Snake Range. Results from Pairs (pairwise) and EcoSimR (whole-matrix) are provided. For pairwise analyses, the total number of species pairs, proportion of pairs yielding random results, and number of pairs exhibiting non-random associations (segregated and aggregated), are provided for each scale as well as the combined totals. The EcoSimR standardized effect size (SES) of each matrix is reported. This was converted from the observed average C-score for each matrix with significance determined with respect to the 95% confidence interval (CI) of the simulated C-score distribution. Asterisks indicate significantly segregated assemblage structure (observed matrix score > CI). Fig. A1 , Table A2 ). The second environmental trait investigated, geographic affinity, produced less conclusive results (Supplementary material Appendix 1 Fig. A1 , Table A2 ), underscoring the need to consider multiple traits for each category; our results thus focus on habitat affinity. Biotic interactions were inferred to structure the cooccurrence patterns of two segregated pairs and two aggregated pairs (Fig. 3 , Supplementary material Appendix 1 Table A2 ). The two segregated or negative biotic interactions (competition) were at the landscape scale (scenario 7) in the Snake Range (Tamias dorsalis and T. umbrinus) and Toiyabe Range (Perognathus longimembris and P. mollipilosus). These pairs consist of congeners with similar diets and overlapping habitat affinities (the Perognathus are both xeric granivores and the Tamias are xeric to generalist omnivores), and thus only meet the conditions required to infer negative biotic interaction (Fig. 1) . Importantly, these species have overlapping or adjacent range margins, allowing the spatial contact required for competition to take place. The two aggregated pairs co-occur at both scales (scenario 6) in the Snake Range (Callospermophilus lateralis with Lemmiscus curtatus and C. lateralis with Sorex tenellus) and, on the surface, imply positive biotic interaction (facilitation) as the causal mechanism due to their differing environmental filterrelated traits ( Fig. 1 and 3) . However, these species belong to nominally different, but functionally overlapping, habitat affinity categories: a generalist, C. lateralis, paired with a specialist, L. curtatus and S. tenellus, respectively. As a result, our use of overlapping habitat affinity categories (and not the test results) renders this equivocal, suggesting environmental filtering or positive biotic interactions may explain their coexistence. Our case studies did not include any instances in which both mechanisms were supported due to meeting the conditions of both trait tests.
Binomial tests on the pooled pairwise results provide strong support for environmental filtering and no support for biotic interactions (Table 3 and Supplementary material  Appendix 1 Table A3 ). Locally aggregated pairs belonged to the same habitat affinity guild significantly more than expected (p < 0.002) in all three assemblages. In the Toiyabe Range, a significant deviation was also evident among intrageographic affinity pairs (p = 0.025). No significant deviation from expected proportions were observed for either of the two traits which would reflect competitive biotic interactions (diet group and body size class). Additionally, no comparisons for segregated pairs differed from expected proportions.
Discussion Evaluation of the framework
Determining the mechanisms driving species co-occurrence patterns across heterogeneous landscapes is a persistent challenge in biogeography and community ecology (Peres-Neto 2004 , Sanderson 2004 , López et al. 2013 , Blois et al. 2014 ).
Here we have developed a novel hypothesis-testing framework that distinguishes between biotic interactions and Non-random pairwise cooccurrence patterns and their most parsimonious ecological mechanism for pairs of Great Basin small mammals. Signs (+/-) indicate the combination of association types each quadrant contains, for landscape and local scales, respectively. Due to the method of calculation, significant aggregations (+) correspond to negative Z-scores and segregations (-) have positive Z-scores. Zeros indicate a pair that showed a random pattern (Bayes mean Z = 0) at one scale. For the 19 species pairs significant at both scales, the nature of the association was the same at the local and landscape scale, thus occupying only two of the four quadrants. Color of points represents the inferred causative mechanism for the co-occurrence pattern, as determined by traitbased testing (white, environmental filtering; orange, possibly either facilitation or environmental filtering due to overlapping trait categories; blue, competition). Points are jittered for ease of visualization.
environmental filtering for species pairs distributed across environmentally heterogeneous sites (Fig. 1) . Our case study for small mammal assemblages along Great Basin elevational gradients demonstrates the effectiveness of this framework (Fig. 3) . Using co-occurrence patterns alone, only five of the 52 significant pairwise associations could be attributed to a single mechanism (scenario 4; Fig. 1 ). For the remaining 47 pairs, parsimonious mechanistic explanations were reached following functional trait-based hypothesis testing, including cases of both mechanisms of interest (environmental filtering and biotic interactions).
While the hypotheses in the framework are generalizable, the functional traits used may differ from those presented here depending on the ecology of the taxa being studied. In addition, we recommend testing multiple traits for which there is strong theoretical and/or empirical support. For example, in our study, one of the two traits per mechanism was more consistent and conclusive than the other when taken singly; habitat affinity performed better than geographic affinity for environmental filtering and diet guild was more informative than body size for biotic interactions (Supplementary material Appendix 1 Table A2 ).
Drivers of Great Basin small mammal co-occurrence
Environmental filtering explained most of the significant landscape scale co-occurrence patterns for Great Basin small mammals (Fig. 3, Table 3 ). The consistency of this conclusion cannot be attributed to commonality in species pairs among mountain ranges as only three significant pairs were repeated (Supplementary material Appendix 1 Table A2 ). Given the substantial heterogeneity in climatic and habitat conditions among and within our sites, a strong signal of environmental filtering is to be expected. Notably, however, even under this rather extreme scenario, our framework also identified associations influenced by biotic interactions, including pairs recognized as competitors in previous studies. Similarly, a recent study of grassland plant co-occurrence over elevation leveraged site location and environmental information (instead of traits) for follow-up testing of null model patterns and also identified instances of biotic interactions (D'Amen et al. 2017) . Taken together, these findings corroborate the utility of null model approaches for detecting co-occurrence mechanisms along strong environmental gradients when combined with secondary analyses. Furthermore, the recognition of both aggregations and segregations in the same assemblage demonstrates the benefit of deconstructing co-occurrence patterns into pairwise associations rather than relying on the average C-score value for an assemblage (Sfenthourakis et al. 2006 , Gotelli and Ulrich 2010 , Soberón 2015 .
Of all possible species pairs in our data set, over 90% exhibited random co-occurrence patterns (Table 2) . Such high levels of randomness are common in pairwise cooccurrence studies across taxa and time periods (Pitta et al. 2012 , Li and Waller 2016 , Lyons et al. 2016 , and are partly due to Pairs using an inherently conservative method to screen false positives (Gotelli and Ulrich 2010, Blois et al. Table 3 . Results of exact binomial tests for observed to expected numbers of non-randomly associated pairs. Bolded p-values indicate significant deviations from expected proportions (p < 0.05). Tests were conducted separately for each of four functional traits. Habitat affinity and geographic affinity relate to the role of environmental filtering whereas diet group and body size class relate to competition. Tests were conducted separately using the set of significant pairs identified by Pairs for each mountain range, scale, and type of association (aggregation or segregation). The observed number of non-randomly associated pairs (Obs. no. pairs) is reported for each association type-scale combination. The total number of possible species pairs (n) is reported for each mountain range. Complete numbers and exact expected and observed values are reported in Supplementary material Appendix 1 Table A3 . 2014). Among non-random associations, the predominance of environmental filtering was observed at the local and landscape scales, as well as for each mountain range when pooling pairwise results (Fig. 3, Table 3 ). Associations tended to be stronger and more frequent at the local scale than the landscape scale, particularly for aggregations (Fig. 3, Table 2 ), which reflects the importance of local habitat conditions for determining which species are found together in space (Price 1978 , Kotler and Brown 1988 . Although sample sizes may contribute to a stronger signal at the finer, local scale (62-89 traplines compared to 22-26 sites), the effect size varies with association type (Fig. 3) , suggesting that statistical power alone does not explain this trend in significant pairs across scales. The dramatic environmental gradients present on Great Basin mountainsides and well-documented resource partitioning among small mammals should favor the dominance of segregated co-occurrence patterns in this system (Feldhamer 1979 , Kelt and Brown 1999 , Rickart 2001 , Hamilton et al. 2015 . Despite this, our pairwise results revealed equal or greater amounts of aggregations than segregations across all mountain ranges and scales (Table 2) . Similarly, the only significant binomial tests were for aggregations, suggesting that for these assemblages, forces of exclusion (habitat exclusivity or competition) are not as influential (or at least not as consistent) as those that enable co-existence (Table 1 and 3) . This dominance of pairwise aggregations is atypical for modern assemblages (Sfenthourakis et al. 2006 , Gotelli and Ulrich 2010 , Lyons et al. 2016 . Our findings also contrast with a previous study of North American mammals which found segregations to be nearly three times stronger than aggregations (Smith et al. 2016) .
In contrast to our pairwise results, the whole-matrix approach (EcoSimR) found each assemblage to be segregated overall (Table 2 ). The mismatch between pairwise and whole-matrix patterns is not surprising because the pairwise approach reveals a relatively small number of pairs that exhibit non-random associations and it is unlikely that these pairs would reflect the whole matrix pattern. However, several characteristics of our test data may possibly favor the detection of aggregations when using a conservative method like Pairs. For example, binary presence-absence data is likely to be sensitive to variations in habitat occupancy due to metacommunity dynamics within and among survey years (Brown and Kurzius 1987 , Ernest et al. 2008 , Stevens and Tello 2012 . Therefore, our test data may be masking significant segregations that are generally present but appear to be less strict without abundance data. Segregations could also be obscured if species are partitioning at a finer scale than our coarse habitat definitions. Additionally, the assemblages of each mountain range may be non-randomly structured to begin with if competition and exclusion control species' geographic distributions (Bowers and Brown 1982) . Such an effect would limit the co-occurrence of competitors within the same mountain range and thus favor aggregations over segregations within local assemblages, at least for segregations due to competition (Kelt and Brown 1999) .
The greater frequency of aggregations in our data may also stem from the diversity of species analyzed together. Analyzing species from several guilds at once rather than only likely competitors within a single guild may create a dilution effect (Gilpin and Diamond 1982, Collins et al. 2011) . Because there is little reason for a species to experience biotic interactions with many other very different species (i.e. no niche overlap), signatures of competition may be masked by the large number of random comparisons. This may contribute to the superficial contrast between our results and many previous small mammal co-occurrence studies, which have focused primarily on the rodent granivore guild restricted to low elevation desert habitats (M'Closkey 1978 , Bowers and Brown 1982 , Brown and Kurzius 1987 . These and other studies have recognized the importance of competition in structuring rodent communities through limiting similarity and niche partitioning (Heller 1971 , Dayan and Simberloff 1994 , Valone and Brown 1995 , Brown et al. 2000 .
Our findings are, however, generally consistent with Fox's guild assembly rule for desert small mammals (Fox 1987 , Fox and Brown 1993 , Brown et al. 2000 , which also capitalizes on expectations between intra-and inter-guild associations. The rule is based on competition and functional complementarity driving community assembly and species coexistence, and states that as species richness increases, functional groups tend not to be repeated until all groups are represented (Fox 1987) . Consistent with this rule, we had numerous aggregated pairs that share habitat affinity but differ in diet guild, including both aggregations repeated in more than one mountain range (Supplementary material Appendix 1 Table A2 ). For example, Dipodomys microps, an herbivorous kangaroo rat, is frequently found with granivorous rodent species in desert habitats. However, binomial tests did not recover a significant deviation from expected proportions of intra-diet guild aggregations (Table 3 ), suggesting that resource partitioning and complementarity is instead manifest within a habitat type rather than along the gradient more broadly.
In sum, at the broader scale, the influence of environmental filters has primacy over biotic interactions for shaping Great Basin small mammal communities. The effects of competition may be less absolute, varying temporally and spatially, leading to fewer pairs exhibiting strong enough exclusion patterns to generate a significant segregation. As a result, our approach arguably identifies some of the strongest competitors ('super-competitors') in which two species limit each other's distributions, reinforced by local competition and partitioning. These pairs represent the best candidates for studying the implications of biotic interactions during range shifts and community restructuring in response to environmental change.
Associations explained by biotic interactions
Competition was consistent with the co-occurrence patterns of two species pairs, each with previous empirical support for negative interactions. Both pairs consist of closely related species that belong to the same diet guild: pocket mice (Perognathus longimembris and P. mollipilosus) and chipmunks (Tamias dorsalis and T. umbrinus). Thus, these pairs represent the classic theoretical expectation that congeners should compete more strongly for resources (Sfenthourakis et al. 2006 , Collins et al. 2011 . Both pairs exhibited landscape-scale segregation patterns (scenario 7; Fig. 1 ) and previous work has suggested that they compete and/or partition resources locally (Brown 1971b, Blaustein and Risser 1974) . Additionally, their small body mass differentials (among the smallest of any significant pairs; Supplementary material Appendix 1 Table A2 ), corroborate competition as the mechanism behind their segregated co-occurrence patterns.
In the case of the pocket mice, both are small, granivorous, quadrupedal heteromyids. Our survey data suggest the elevational distributions of these species narrowly overlap, with P. mollipilosus widespread and P. longimembris only at the lowest elevations, a pattern seen across the Great Basin for this species pair (Hall 1946, Bowers and Brown 1982) . Experimental trials suggest direct aggressive interactions may reinforce competition where these species come into contact (Blaustein and Risser 1974) . In the Toiyabe Range, P. mollipilosus and P. longimembris were detected at 19 sites and 4 sites, respectively, but only co-occurred at a single site. Similarly, two chipmunks in the Snake Range have abutting elevational distributions, with T. dorsalis found at mid-elevations and T. umbrinus found higher. A combination of fitness differences and direct competition is thought to reinforce this elevational zonation where their distributions meet in pinyon-juniper woodlands (Brown 1971b ). Elevational zonation is well-documented among chipmunks, including for an ecologically analogous species pair in the southern Great Basin (T. panamintinus and T. palmeri ; Heller 1971, Lowrey and Longshore 2013) .
In contrast, the two cases of potential positive biotic interactions (facilitation) identified in our example data (scenario 6; Fig. 1 ) have little empirical support. Each pair involves the co-occurrence of the golden-mantled ground squirrel Callospermophilus lateralis, a habitat and diet generalist, with a specialist species, either the Inyo shrew Sorex tenellus (mesic, insectivore) or the sagebrush vole Lemmiscus curtatus (xeric, herbivore). These three species are generally considered montane, occurring at mid-to high-elevation, but differ greatly in size, diet, and autecology (Rickart 2001 , Rickart et al. 2004 ). To date, there are no data to suggest these species would facilitate one another's presence. Instead, a more parsimonious explanation is that C. lateralis simply has broad tolerances which allow it to overlap with relative habitat specialists, implying environmental filtering. These cases illustrate how additional explanation may be required when using non-exclusive functional group categories because of their greater ambiguity.
Applications and conclusions
The framework we presented successfully identified species co-occurrence patterns driven by environmental filtering and biotic interactions, even in a system with extreme environmental heterogeneity. Conclusions can be drawn for individual pairwise associations and for the dominant pairwise patterns of an assemblage. We tested the approach on an elevational gradient, but it is applicable to occurrence data collected from heterogenous sites over a range of spatial scales and degrees of variability. Relying on functional traits rather than species identities facilitates scaling up to more speciesrich assemblages as well as comparative work within and across systems. Our framework also does not require detailed information about sites or species distributions, which can often be difficult to obtain at an appropriate resolution. Other non-null model approaches, such as those based on species distribution modelling and site-specific environmental data or interaction networks, are informative but relatively data-intensive and may not be practical for all datasets and questions (Ovaskainen et al. 2010 , Pollock et al. 2014 , BarMassada 2015 , Harris 2016 . Instead, our approach relies on observational occurrence data collected through systematic field sampling to address the heterogeneity among sites. If our framework is applied at very large spatial scales (e.g. continental), however, it may be necessary to include site characteristics and/or distances as dispersal limitation and the effects of historical biogeography become more influential (Blois et al. 2014) . Overall, our results demonstrate that accounting for environmental heterogeneity among and within sites can dramatically improve the ability to identify non-random patterns and draw sound conclusions about mechanisms.
Our framework enables one to track drivers of community assembly across space but also through time, a topic that has received much recent attention (Blois et al. 2014 , Li and Waller 2016 , Lyons et al. 2016 , Smith et al. 2016 . Even if detailed environmental reconstructions are not available, basic knowledge of site conditions can be used with our approach to address the drivers of community structure through time. The rapid and global environmental changes we are currently experiencing are leading to shifts in species ranges and community composition, which are likely to have profound ecological implications (Williams and Jackson 2007 , Alexander et al. 2015 , Hope et al. 2015 , Terry and Rowe 2015 . Understanding the impact of these changes and predicting their future effects on species and communities relies in large part on identifying the underlying ecological mechanisms at work. While we acknowledge that our approach is correlative, it serves as an effective means for identifying pairs for which experimental tests or more detailed observations may be warranted. Applying this traitbased framework to temporal data may help to better predict the community-level impacts of changes in climate, land cover, and species distributions.
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